analysis of NANOG, POU5F1, and SOX2 in cell populations of undifferentiated hESCs have led to the conclusion that these factors are coregulated in these cells (2) (3) (4) (5) .
Although microarray studies have been useful for understanding gene regulation and expression in different cell types, substantial variability within a population of cells has also been demonstrated. These deviations from the population mean are often referred to as noise, and the noise level can be appreciable for transcription (8 -10 ) . One source of such noise is the production of mRNA in bursts (10 -12 ) . An important consequence of the noise is that cell populations will exhibit some degree of variability even if the cells are genetically identical and have been exposed to the same environment (13 ) . Collectively, the results from measurements of gene expression in single cells indicate a strong stochastic element that causes highly variable expression, which in turn means that data obtained from cell population measurements cannot be extrapolated to individual cells.
To advance our understanding of the transcriptional regulation of NANOG, POU5F1, and SOX2 in undifferentiated hESCs, we have performed quantitative expression studies of these genes in individual cells. The aim of this study was to determine to what extent the observed heterogeneity of 2 genes that are presumed to be correlated is a consequence of noise in the measurements and to what extent it is the result of underlying cell-to-cell variations. In addition, we have included in our study inhibitor of DNA binding genes ID1, ID2, and ID3 (inhibitors of DNA binding 1, 2, and 3, dominant negative helix-loop-helix protein), the expression of which is known to inhibit neuroectoderm differentiation in undifferentiated mouse ESCs (14 ) , although the importance of the ID genes in hESCs has yet to be confirmed. Furthermore, NANOG, POU5F1, and SOX2 have been experimentally verified to bind at the promoter regions of ID1 and ID2 (2 ) . In situ analyses of ID gene expression during development have demonstrated widespread expression of ID1, ID2, and ID3 throughout the developing organism, from early gestation through birth and with considerable overlap in the expression patterns of ID1 and ID3 (15 ) . Mice (Mus musculus) lacking Id1, Id2, or Id3 [inhibitors of DNA binding 1, 2, and 3] are all viable, whereas mice without both Id1 and Id3 die at day E13. 5 (16 ) . We applied reverse-transcription quantitative real-time PCR (RT-qPCR) to the analysis of mRNA in single cells. This method is characterized by a wide dynamic range, high reproducibility, and a sensitivity sufficient to detect single molecules (17, 18 ) .
We show that individual hESCs can be collected by either glass capillaries or flow cytometry. Transcripts of ID1, ID2, ID3, NANOG, POU5F1, and SOX2 can be accurately measured with RT-qPCR. We also provide a mathematical model for determining correlations between genes, which can compensate for experimental noise, thereby revealing additional statistically significant correlations. Our results reveal that the numbers of transcripts in individual hESCs are highly variable and that the degree of POU5F1 expression does not correlate with that of SOX2 or NANOG, whereas the expression of members of the ID gene family correlates with the expression of POU5F1 and SOX2. Gene expression profiling of single hESCs allows us to study cell heterogeneity and to understand why individual hESCs differentiate differently.
Materials and Methods

hESC CULTURES
Cell lines SA121 (19 ) (Cellartis) and HUES3 (1 ) were used for in vitro experiments with hESCs in accordance with Swedish ethics guidelines. Undifferentiated SA121 cells were maintained on mitotically inactivated mouse embryonic fibroblasts. Half of the medium was changed every 2 days, and SA121 cells were passaged manually every 4 -7 days onto fresh mouse embryonic fibroblasts, as previously described (19 ) . HUES3 was enzymatically passaged and cultivated as previously described (1 ).
COLLECTION OF SINGLE CELLS AND CELL LYSIS
hESCs were rinsed with PBS (200 mg/L KCl, 200 mg/L KH 2 PO 4 , 8 g/L NaCl, 2.16 g/L Na 2 HPO 4 -7H 2 O; Invitrogen) and then dissociated into a suspension of single cells with TrypLE Select (Invitrogen) or with Trypsin, 0.05% (1X) with EDTA 4Na (Invitrogen) for 3 min at 37°C. TrypLE Select and trypsin were inactivated with hESC medium (1 ) , and the cells were replated onto petri dishes. Individual cells were collected with heat-treated glass pipettes (Hilgenberg) mounted on a micromanipulator over an inverted microscope. Pipettes were emptied into a 200-L plastic tube with 2 L lysis solution containing 5 mL/L IGEPAL CA-630, 50 mmol/L Tris-HCl pH 8.0, 140 mmol/L NaCl, and 1.5 mmol/L MgCl 2 (all Sigma-Aldrich). Tubes were then immediately heated to 80°C for 5 min and stored at Ϫ80°C until reverse transcription. A more detailed description of this procedure has been reported (20, 21 ) . To collect single cells by flow cytometry, we used either the FACSDiva or FACSVantage instrument (both BD Biosciences). The flow cytometry instrument was manually calibrated to deposit single cells in the center of each collection tube. 7-Aminoactinomycin D (Sigma-Aldrich) was added as a viability marker in the sorting procedure. hESCs were kept in PBS containing 25 mL/L fetal bovine serum (BIOCHROM) before cell sorting.
Total RNA was purified with the GenElute Mammalian Total RNA Purification Kit (Sigma-Aldrich).
REVERSE TRANSCRIPTION
Reaction tubes containing single lysed cells in lysis solution (described above) supplemented with 0.5 mmol/L of each of the 4 deoxynucleotides (SigmaAldrich), 2.5 mol/L oligo(dT) (Invitrogen), and 2.5 mol/L random hexamers (Invitrogen) were heated to 65°C for 5 min and then chilled on ice. We then added 50 mmol/L Tris-HCl (pH 8.3), 75 mmol/L KCl, 3 mmol/L MgCl 2 , 5 mmol/L dithiothreitol, 20 U RNaseOUT, and 100 U SuperScript III (all Invitrogen) to a final volume of 10 L. Samples were incubated at 50°C for 90 min and then inactivated enzymatically at 70°C for 15 min, as previously described (22 ) . BSA (0.1 g/L; Fermentas) was added to LightCycler reactions, and 1ϫ Reference Dye for Quantitative PCR (Sigma-Aldrich) was used as a passive reference dye in ABI PRISM 7900HT reactions. Real-time PCRs started with 3 min of preincubation at 95°C, followed by 50 amplification cycles. The following temperature profile was used (with LightCycler/ABI PRISM 7900HT incubation times): denaturation at 95°C for 0/20 s, annealing at 60°C for 10/20 s, and elongation at 73°C for 15/20 s. All primers except those for SOX2 were designed to span an intron to avoid amplification of genomic DNA. SOX2 lacks introns, and therefore its amplification could be biased by genomic amplification. BLAST searches, however, revealed no pseudogenes for SOX2. The genomic background of 2 DNA copies can therefore be disregarded, compared with the degree of SOX2 expression (approximately 250 mRNA copies). The primer sequences are shown in Table 1 in the Data Supplement that accompanies the online version of this article at http://www.clinchem.org/ content/vol55/issue12. All assays of single cells were optimized not to generate primer dimers before cycle 40, to have a PCR efficiency of at least 80%, and to amplify all known splice forms documented by the National Center for Biotechnology Information (NCBI). Calibration curves with purified PCR products (QIAquick PCR Purification Kit; Qiagen) were used to establish the linearity of the assays. PCR efficiencies for ID1, ID2, ID3, NANOG, POU5F1, POLR2B [polymerase (RNA) II (DNA directed) polypeptide B, 140kDa], RPLP0 (ribosomal protein, large, P0), SOX2, and SUZ12 [suppressor of zeste 12 homolog (Drosophila)] were 93%, 93%, 86%, 96%, 88%, 86%, 92%, 95%, and 88%, respectively (r 2 Ͼ 0.99 for calibration curve slopes). Formation of the correct PCR products was confirmed by electrophoresis on 20 g/L agarose gels for all assays and by melting-curve analysis of all samples. Purified PCR products were quantified with the NanoDrop ND-1000 spectrophotometer (NanoDrop Technologies/Thermo Scientific) to generate calibration curves for all assays and thereby allow absolute quantification. RT-qPCR data analysis was performed as previously described (17 ) . Additional information according to MIQE (Minimum Information for Publication of Quantitative Real-Time PCR Experiments) guidelines (23 ) is shown in Table 1 in the online Data Supplement. Cell population data were normalized against those for RPLP0. Potential reference genes were evaluated with NormFinder and a reference panel of 10 genes (Human Endogenous Control Gene Panel; TATAA Biocenter). For calculations of RT-qPCR CIs for low transcript numbers, 16-plicate RT-qPCR was carried out with diluted, purified total RNA from hESCs at 6 different RNA concentrations (concentrations were prepared by making 4-fold serial dilutions). These data were also used in our mathematical model for correlation.
SINGLE-CELL MEASUREMENTS
Approximately 20 target molecules per PCR are needed for accurate RT-qPCR quantification (20 ) , and this requirement was satisfied for most cells and genes used in this study. By keeping the dilution between the reversetranscription and real-time PCR steps at a minimum, we obtained the highest reproducibility (20 ) . All qPCR results are expressed as the number of cDNA molecules. To calculate the number of mRNA molecules requires determining the reverse-transcription efficiency. We have previously shown how the reversetranscription efficiency can be determined from serial dilutions of known cDNA calibrators (20 ) , and this efficiency is usually Ͻ100% (22 ) . Reverse-transcription efficiencies are shown in Table 2 in the online Data Supplement. Because cDNA is single-stranded, 1 cycle was subtracted from the measured value when we calibrated with calibration curves based on doublestranded PCR products (24 ) . All transcript numbers are related to a single cell and not to reference genes. The use of constantly expressed reference genes for sample comparison, which is appropriate at the cellpopulation level, is not valid at the level of single cells because of the occurrence of transcriptional bursts (11, 12 ) . The experimental variation in each assay is shown in Figs. 1 
MATHEMATICAL MODEL FOR CORRELATION
For a given gene, we assume that the observed number of transcripts, X, is the sum of 2 components: the true biological amount of mRNA, X B , and the noise stemming from the measurement, X T . We assume that the noise has E[X T ] ϭ 0 (E[X T ] means "expectation value of X T ") and that it is uncorrelated to the biological component or to the measurement noise of every other gene. From these assumptions, it follows that the covariance for a pair of genes X and Y is:
Furthermore, we assume that the variance of a gene, 2 , can be written as the sum of 2 components, 2 ϭ B 2 ϩ T 2 , which correspond to the inherent biological fluctuations and to the measurements, respectively. Because the measurement noise has E[X T ] ϭ 0, it follows that the normalized variance can be written as:
where T 2 is the noise strength of measurement
is the biological variability, and E[X B ] ϭ . T 2 and B 2 can be computed with the strategy described in (20 ) . Defining ␤ ϭ T 2 / B 2 , we may write the variance as:
Starting from the definition of the correlation coefficient, , and using Eqs. 1 and 3, we obtain:
where B is the true biological correlation coefficient. Using Eq. 4, we can estimate the reduction in correlation (␥) due to the measurement noise as:
Because the denominator in Eq. 5 will always be Ͼ1, it follows that 0 Յ ␥ Յ 1. We may think of ␥ as a multiplicative factor, inversely proportional to the magnitude of the measurement noise, that describes the loss of correlations due to the measurement noise. With the values in Table 2 in the online Data Supplement, we can calculate the ␥ factor for each pair of genes, and, via the relation ␥ B ϭ /␥, we obtain the true biological correlation. Using a t-test for the statistic:
with N Ϫ 2 degrees of freedom, where N is the number of data points, we may calculate the significance of B (25 ) .
Results and Discussion
We manually collected 47 undifferentiated hESCs (cell line SA121) with glass capillaries and performed RTqPCR. Fig. 1 shows that transcripts for at least 1 gene were detected in 45 cells (96%). The 95% CIs for the RT-qPCR measurements of POU5F1, NANOG, SOX2, ID1, ID2, and ID3 are shown in Fig. 2 . Because the number of transcripts in a single cell is finite, only a limited number of genes may be accurately measured for each cell. We have previously shown that the inherent imprecision of the RT-qPCR measurements is significantly increased when there are Ͻ20 copies of mRNA molecules present at the start. In this study, we have Ͼ20 transcripts for most cells and genes, a result that implies that the biological variability is substantially greater than the variation introduced by the measurements (20 ) . The RT-qPCRs were run sequentially for each single cell, which meant that roughly one sixth (approximately 15%) of the cell's content was analyzed each time. Thus, the theoretical lower limit at which our experimental setup becomes less reproducible is approximately 20 ϫ 6 ϭ 120 transcripts when 6 genes are analyzed. The most frequently detected genes are expressed in quantities greater than this number (Table 1) . The collection step of our protocol requires that hESCs be dissociated into single cells. To evaluate the effect of this treatment, we analyzed total mRNA from a small cell population before enzymatic dissociation, after enzymatic dissociation, and after enzymatic dissociation followed by a 3-h incubation in cell medium.
The incubation time was chosen to represent the time elapsed between the first and the last manually collected cells. Only small variations in gene expression (Ͻ1.5-fold) could be detected between the 3 dissociation procedures (see Fig. 3 in the online Data Supplement). Moreover, we observed no correlation between transcript counts and the time of cell collection, indicating that cell handling did not impose any additional differentiation. Thus, we conclude that the applied cellcollection method had no major impact on hESC differentiation.
To further verify our method, we used flow cytometry to collect single hESCs from another cell line (HUES3, n ϭ 57; see Tables 3 and 4 in the online Data Supplement). Instead of the ID genes (which were slightly upregulated when maintained in PBS; see Fig. 3 in the online Data Supplement), we analyzed the SUZ12 and POLR2B genes in the second cell line. SUZ12 is a subunit of polycomb repressive complex 2, and POLR2B is a subunit of RNA polymerase 2. SUZ12 was recently shown to block expression of differentiation genes in undifferentiated hESCs (26 ) . Data from this experiment are in accordance with those obtained for the manually picked hESCs, but with marginally lower mean expression values for POU5F1 and NANOG. Fig. 3 shows the distribution of POU5F1 mRNA copy numbers in the undifferentiated hESC population. POU5F1 expression ranges from approximately 190 to approximately 24 000 mRNA copies/cell (Ͼ100-fold variation), with a median expression of approximately 7400 transcripts. Immunofluorescence analysis revealed high variation in the amount of POU5F1 protein as well (see Fig. 4 in the online Data Supplement) (27 ) . Median expression values for the remaining transcription factor genes (Table 1) indicate that NANOG and ID1, like POU5F1, are abundantly expressed (approximately 2800 and 1200 transcript copies/cell, respectively), whereas SOX2, ID2, and ID3 are expressed at a much lower level (approximately 250, 53, and 81 transcript copies/cell, respectively). The expression of ID2 and ID3 is relatively low, and therefore the expression of these genes is more prone than the other genes to measurement errors due to the decreased reproducibility of the PCR (20 ) .
Lognormal distributions are common in biological processes, and they typically arise when the underlying variables affect the outcome in a multiplicative manner (28 ) . Transcript numbers in individual mammalian cells have been reported to often appear lognormally distributed (11, 21, 29 ) . Indeed, for all 6 genes we can reject the hypothesis that their transcript numbers are normally distributed. After a logarithmic transformation, we find that the normality hypothesis for NANOG, ID1, ID2, and ID3 cannot be rejected by the Shapiro-Wilk normality test at a 95% confidence level. In lognormally distributed populations, a cell's characteristic degree of expression is best represented by the geometric mean, which corresponds to the median for this distribution ( Table 1) . Use of the arithmetic mean (which is an appropriate summary statistic for the normal distribution) would overestimate the number of transcripts in a typical cell. A consequence of the skewed distribution in transcript numbers is that a majority of the transcripts for a particular gene originate from a minority of the cells in the population. For example, the 5 hESCs with the highest numbers of ID1 transcripts contributed to 34% of all transcripts for this gene, whereas the 5 lowest-expressing cells contributed to only 2%. This result means that data from pooled cell populations are biased toward cells with high expression, a phenomenon that may lead to incorrect interpretations.
An important question relates to the functional significance of the high variation in mRNA amounts. POU5F1, NANOG, and SOX2 encode transcription factors that regulate how the cell differentiates, and their expression is required to maintain the pluripotent state. Mathematical modeling suggests a switch-like behavior of these genes, meaning that the genes have a high tolerance for fluctuations in mRNA concentrations before differentiation is initiated (30 ) . Some of the measured cells have very low numbers of POU5F1 and SOX2 transcripts. Close inspection of the individual cells reveals that all 5 cells not expressing NANOG have low POU5F1 expression (see Fig. 5 in the online Data Supplement). We hypothesize that this pattern is an early sign of differentiation, and we plan to investigate this concept further in future studies. Furthermore, some cells with low or no POU5F1 and NANOG expression have considerable expression of SOX2, which may be an early indication of differentiation toward an ectodermal cell fate. SOX2, in contrast to POU5F1 and NANOG, is not down-regulated in early differentiation toward ectoderm [(31 ) and unpublished data]. When undifferentiated hESCs are exposed to inductive cues, only a fraction of the cells will respond, and then at different times. The discovery that large variations in the expression of genes encoding different transcription factors involved in self-renewal exist in individual cells could explain why individual cells in a seemingly undifferentiated cell population have different susceptibilities for differentiation. We also point out, however, that our hESC cultures are regularly validated by POU5F1 and NANOG staining and that nonstained cells in principle are not observed. We therefore speculate that our observed signs of early differentiation at the mRNA level indicate a reversible state of the cells.
We also confirmed previous results that POU5F1, SOX2, and NANOG expressions correlate at the population level (data not shown). Surprisingly, this finding was not the case at the single-cell level (Table 2 ; Fig. 5 in the online Data Supplement). Correlation coefficients ranged from 0.08 to 0.24, indicating no or only very weak correlation between these genes. The lack of correlation was confirmed with another cell line (HUES3; see Table 4 in the online Data Supplement). POU5F1, SOX2, and NANOG were recently suggested to all share the same feedback regulatory mechanism (2, 4 ) ; however, these findings are inconsistent with our data from single cells, which suggest a more complex transcriptional regulation. Our data allow us only to detect simultaneous correlations, so we cannot exclude a coupling between 2 genes with a more complicated temporal pattern or at the protein level. Interestingly, further analysis showed that POU5F1 expression was positively correlated with ID1 and ID3 expression (Table 2). This result is consistent with detailed promoter analyses, which have shown that ID1 and ID3 have similar regulatory elements (32 ) . We observed a correlation between ID1, ID3, and POU5F1, suggesting that the transcription factors encoded by these genes may be coregulated in undifferentiated hESCs. The lack of a correlation between ID1 and ID3 may be due to the exclusion of cells with no ID1 or ID3 transcripts. Correlation data are therefore somewhat biased toward highly expressing cells, and we cannot exclude a correlation between ID1 and ID3. The high noise levels of individual genes in combination with the measurement uncertainties could potentially obscure real correlations. We previously developed a mathematical framework for quantifying the measurement noise for RT-qPCR (20 ) . In brief, by measuring the experimental noise for different mRNA and cDNA concentrations, we may model the measurement noise as a function of the molecules for each gene. The mathematical noise model allows us to determine the contribution of measurement noise to the total observed noise, which includes the biological variability. We have extended this methodology (for details see Materials and Methods) to allow us to estimate the decrease in correlation due to the measurement noise. The values in parentheses in Table 2 show the estimated biological correlations once the measurement noise has been removed. Interestingly, 3 more pairs of genes (SOX2 and NANOG, SOX2 and ID1, and SOX2 and ID2) now become significantly correlated. These additional correlations further support the hypothesis that ID genes prevent differentiation and are functionally involved in self-renewal. We conclude that measurement noise in one gene is enough to decrease the observed correlation (see Fig. 6 in the online Data Supplement). Assuming that ␤ (the fraction of noise from the measurement) is independent of the number of cells analyzed, we estimate that approximately 600 cells are needed to statistically verify a correlation of 0.08. For a correlation of 0.22, 80 cells are needed (P Ͻ 0.05).
In summary, we have demonstrated that RTqPCR is an accurate and sensitive method to measure the expression levels of multiple genes in single hESCs. We show that the transcription of POU5F1, SOX2, and NANOG is highly variable among undifferentiated hESCs. The lack of strong correlations suggests that these genes, although important regulators of selfrenewal, are independently regulated during selfrenewal. Instead, we found that POU5F1 and SOX2 are correlated with the ID genes during hESC self-renewal. Our results support the notion that seemingly heterogeneous cell cultures, as shown by staining, can have important differences at the mRNA level as well. This finding could help explain why culture cells respond differently to differential cues.
